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Abstract—Electricity price as a fundamental cost for each
family which is an essential segment in the electricity market.
The adjustment of electricity price can present the change in
electricity supply and demand relationship. For the electricity
supply companies, an appropriate defined electricity price can
eventually determine the level of profit. On the other hand,
an accurate prediction can help to seize opportunities in the
electricity market. In this paper, we aim to predict the electricity
price with more confident accuracy by leveraging data mining
techniques. Our experiment on 12 months of electricity prices
as well as climate data in the New South Wales has achieved a
promising prediction result.
Index Terms—Electricity Price Forecast, Forecasting, Aus-
tralian Energy Market
I. INTRODUCTION
Electricity now is being widely used in everywhere, elec-
tricity price is a key factor in the electricity market, which
ensures steady operation of the entire market. For the elec-
tricity supply companies, the forecast of electricity price has
become a critical research area. However, traditional way of
defining electricity price usually requires tedious researches,
which also needs various analysts with additional costs. This
outdated process can hardly make contributions to formulate
an accurate bidding plan by the prediction of electricity price,
and eventually lost the market shares and great profits [2].
Meanwhile, by using a confident electricity price forecast,
the company can effectively adjust the electricity supply to
achieve a balance between supply and demand, and eventually
can obtain the greatest benefits; for the customers, they could
easily get a purchase costs of electricity consumption through
predicting electricity price. One of the major issues within this
forecast is that electricity price has a certain periodicity and
volatility, plus the effectiveness of quantifiable factors, such as
historical electricity price and climate change, etc. All these
issues make the electricity price forecast become difficult.
Applying machine learning techniques can make it possible
to predict the electricity price more effectively [3]. Specifi-
cally, the prediction of electricity price can be considered as
a regression problem in machine learning.
Before discussing the technical details, we would like to
emphases the importance of electricity price prediction. The
energy market in Australia is an open market with large
number of companies selling energy produced from different
sources, including coal, gas, wind, and solar power. Con-
sequently, the market behaves like a “stock market” and
companies need to “guess” the price to decide their production
strategy. Be able to know the electricity price in advance will
help all players in the market to dynamically change their
production strategy to avoid the wasting of power as well
as overloaded power grid, resulting a healthier yet dynamic
energy market.
II. PRELIMINARIES
In Australia, electricity price is made up of four major
components, including:
Wholesale costs cover the cost which electricity being gen-
erated, e.g., coal, solar power, etc.
Network charges are used to pay for the reliable delivery of
energy via power grids to residential properties.
Retail costs/margin are the cost of paying for meter reading,
bill management, and maintenance services.
Environmental costs include Australian state and territory
environmental programs, e.g., a program aims to increas-
ing renewable electricity generation.
In recent years, the policies to address environmental is-
sues have attributed a lot to the electricity price increases.
Another big impact to the prices is the investment of net-
work component, due to previously the under-investment to
maintain the network operations or the capacity increment.
While the smaller electricity price increases are largely due
to the changes to the regulation of electricity networks and
competition in electricity markets.
III. MODEL
Electricity price in Australia is dynamic and changes ev-
eryday. The price is affected by various factors including both
customer-related and environment-related. In this work, we
propose to use machine learning regression models to model
the meteorology information for predicting daily electricity
prices. To be specific, the following five models are employed.
Linear Regression attempts to model the relationship be-
tween two variables by fitting a linear equation to ob-
served data.
Ridge Regression is a regression model particularly useful
for modelling multiple regression data that suffer from
multicollinearity.
Lasso Regression is a type of linear regression that uses
shrinkage, where data values are shrunk towards a central
point. Lasso Regression encourages simple models.
Fig. 1. Feature Importance
SVM Regression uses the same principles as the Support
Vector Machines with minor modifications.
XGBoost Regression [1] builds an ensemble of weak predic-
tion models via gradient boosting procedure.
Root Mean Square Error (RMSE) will be used as the major
evaluation metric to compare the prediction result from above
five models, which measures of how far from the regression






(fi − di)2 (1)
where fi and di are the predicted and actual value.
IV. EXPERIMENT
The experiment was conducted on a 365 days dataset with
7 features between 2018 and 2019 in New South Wales,
Australia. The data collection includes electricity demand,
average temperature, evaporation, sunshine, maximum wind
speed at 9AM, humidity at 3PM, plus the electricity price on
each day.
Evaluation result on 10-fold cross validation is given in
Table I.
Metric xgb ridge lasso lr linear svm
RMSE 11.16 11.42 10.98 11.42 12.61
TABLE I: Regression result on RMSE
To explore the impact of each feature on the electricity price,
we also extracted feature importance or coefficients from the
trained models, as shown in Table II and Figure 1.
We observe that among all features, average temperature
shows the strongest impact on electricity price, followed by
maximum wind at 9AM.
Feature xgb ridge lasso lr linear svm
power demand 0.109 -0.2 0 -0.202 -1.425
average temp 0.245 -5.5 -4.318 -5.526 -4.782
evaporation 0.122 -0.03 0 -0.016 0.164
sunshine 0.133 -0.261 0 -0.258 -0.718
max wind 0.149 1.427 0.265 1.431 1.751
9am humidity 0.137 0.358 0 0.373 0.658
3pm humidity 0.105 -0.535 0 -0.545 -0.154
TABLE II: Feature importance/coefficients.
V. CONCLUSIONS
In this paper we proposed to use several regression models
to predict electricity price based on specified input features.
By applying these methods to a 365 days daily electricity price
dataset, Lasso regression and XGBoost regression achieved the
lowest RMSE so far with a better prediction result than other
models. Meanwhile, in the given seven input features, average
temperature and max wind speed are the most important
features which has strong impact to the electricity price. These
findings will benefit Australian electricity supply companies to
better define electricity price and strategy.
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